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and a normalization strategy to deal with these problems. Several approaches were tested for
metabolomic analysis of urine samples by direct infusion electrospray mass spectrometry, including
solid phase extraction, liquid-liquid extraction and sample dilution. In addition, normalization of
results based on conductivity values and statistical treatment was performed to minimize sample
variability. Both urine dilution and solid phase extraction with mixed mode sorbent reduced
considerably the salt content in urine providing comprehensive metabolomic fingerprints. Moreover,
statistical data normalization enabled the correction of inter-samples physiological variability,
improving the quality of results obtained. Therefore, high-throughput DI-ESI-MS fingerprinting of
urine samples can be achieved with simple pretreatment procedures allowing the use of this non-
invasive sampling in metabolomics. Finally, the optimized approach was tested in a pilot metabolomic
investigation of urine samples from transgenic mice models of Alzheimer's disease (APP/PS1) in order
to illustrate the potential of the methodology.
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*Response to Reviews

Dear Editor,

Please find enclosed the responses to referees remarks, which gave been considered and included in the
new version of the manuscript.

Reviewer #1

The paper describesthe characterization of anovel, but highly logical approach for the metabolic
profiling of urine samples. Dueto the need of high-throughput metabolic profiling techniques, the
outlined M S-only approach is highly significant, since it enablesthe analysis of sample cohortsin
the thousandsto tens of thousandsrange. While the experimental plan and the description of
methodsis close to perfection, the authors neither present the data nor discussits
chemical/biological content. Hence, the paper cannot be considered for publication beforethe
completerewriting of the 'resultsand discussion' section. Sincethe datais already present, the
required changes/additions ar e certainly doable within the revision timeframe of the Journal.

Specific comments:

1. Following LLE the extract isdirectly analysed by ESI-MS. To the best knowledge of the reviewer
chlor oform/methanol mixtures cannot be electr osprayed due to the mechanism of electrospray
requiring conductive solvent. If these samples areintroduced into a commercial ES| source
featuring a metal spray capillary, one can certainly detect ions, however theionization is associated
with the corona dischar ge formed around the metal tip. For the sake of comparability, these
samples should be subjected to solvent exchange and introduced in an appropriate solvent system.

Although it is advisable the use of polar conductive solvents to el ectrospray samples, the ionization is
possiblein presence of chloroform when salts and conductive solvents such as methanol are present in the
mixture. A number of previous works reporting direct analysis of chloroform/methanol mixtures using
electrospray mass spectrometry can be mentioned (PNAS, 1994, 91:10635; Anal Biochem, 2004,
330:317; RCMS, 2012, 26:835). In fact, we recently described alipidomic approach for serum samples
based on direct infusion mass spectrometry using chloroform extracts (J Pharm Biomed Anal, 2014, in
press), where high ionization efficiency is achieved due to the presence of salts and conductive solventsin
the mixture (methanol).

2. While electric conductanceis an innovative basisfor normalization, its correlation with the pH of
urine must be discussed due to the presence of weak electrolytes.
The pH of urine samples was adjusted to 7 before sample treatment and analysis with two purposes:
1) Correction of inter-sample variability in conductivity values due to differential dissociation of
electrolytes.
2) Improvement of reproducibility in SPE.
This point has been specified in the text.

3. Separation multivariate statistical space and predictive value of a model are highly important
factorsin metabolomics, however they cannot be used as the sole measuresto compar e metabolic
profiling approaches. Presence and absence of a single component in the experimental and control
groups, respectively, resultsin perfect separation and predictive values, but the goal of
metabolomicsisnot to find single markers, but to study the entire metabolome. In thisregard, the
spectra must be inter preted, mass spectrometric peaks (at least a 30-50 repr esentative ones) must
be identified and the different sample preparation appr oaches have to be compar ed regarding their
chemical/biochemical coverage of the metabolome. The professional reader isinterested in the
potential infor mation content provided by the method among other performance parameterslike
sensitivity for certain constituents. Besidesthe lack of perfor mance characterisation in the paper,
one cannot properly evaluate the results without having infor mation about the chemical content. In
conclusion, the spectra need chemical interpretation, the statistical differences need to be presented
in the light of chemical information and the various approaches need to be compared regarding
these findings.

Metabolic fingerprints have been interpreted, and a new Table has been added containing the peak
intensities of a number of representative metabolites using the different extraction proceduresin order to
evaluate the potentia of each method for wide metabolome coverage.

4. The quality of thefigures (even the hi-resones) is extremely poor.
Quiality of figures has been improved.



Reviewer #2

GENERAL COMMENTS

The manuscript describes an investigation of normalization proceduresfor untargeted metabolite
profiling of single-spot urine samples using direct infusion-electr ospray ionization-mass
spectrometry (DI-ESI-M S). Although urine analyses provide a convenient biological fluid for
clinical analyses, they are subject to significant biological variance dueto different hydration status
(diurnal cycle etc.) notably when 24 h urine collections are not performed. The authors compare
different sample pretreatment (dilution and various extraction methods) and normalization
procedures (conductivity, scaling) that maximize signal detection and enhance discrimination of
gender /time of day human urine profileswith PLS-DA. In my opinion, thereisno value of
including the brief data from urine profiles of transgenic mouse models of Alzheimer's disease -
ultimately it distracts form the main focus of the manuscript. Moreover, thereisnot interpretation
of data or discussion of mass filtering/peak peaking algorithmsused in DI-ESI-M S. Isonly positive-
ion mode detection used for metabolite finger printing; if so, why? In my opinion, the manuscript
requires major revision to enhanceitsoverall quality for thereader ship.

SPECIFIC COMMENTS:

1. Introduction: Theauthors arerecommended to indicate that 24 h urine specimens are the " gold
standard" for clinical analysis. Random single-spot urine collections are far mor e convenient yet
subject to major biological variance. In addition to hydration status, other sourcesinclude diet,
microflora, diurnal cycle etc. M ore emphasis on sour ces of variation arerecommended in the
introduction.

These corrections have been made in the Introduction section and also commented in the Conclusions.

2. Introduction: In addition toion suppression (or enhancement!!) effectsthat complicate
comparisons of different sampleswith variable matrix composition, the other major limitations of
DI-ESI-M Sinclude the lack of resolution of isobars/isomersand difficulty of quantification without
stable-isotope internal standards. The latter constraints are improved when using complementary
separation techniqueswith ESI-M S [Kuehnbaum et al. Chem Rev. 2013, 113; 2437-68].

A new sentence has been introduced to state these drawbacks associated with direct analysisinstead of
chromatographic separation prior to detection.

3. Introduction/Discussion: The authorsneed to provide a morein-depth discussion of how
different normalization procedures (dilution VS conductivity-correction) are ableto correct for
ionization suppression or enhancement effectsin urine. Moreimportantly, recent studies have
shown that " post-prandial” urine samples using standar dized meals (breakfast) are an ideal way to
reduce inter-subject variationsfor single-spot urine collectionswith DI-ESI-M S [Fave et al.

M etabolomics, 2011, 7: 469-84]. The authors are strongly encouraged to highlight the limitations of
their study design.

Normalization procedures were used to correct inter-sample biological variability. As stated in
Introduction, conductivity is an indicator of total endogenous metabolic output and statistics can be used
for scaling the spectra to the same virtual overall concentration, so they can be used to normalize
biological variance due to physiological factors. On the other hand, the reduction of ion suppression-
enhancement was addressed by using different sample treatment procedures to reduce the salt content
(dilution, LLE, SPE).

Limitations of the study have been highlighted in the Conclusions section as well as acomment to Fave
et a proposal.

4. Instrumentation/Data Analysis: The authors need to explain why DI-ESI-M S studies wer e not
performed using negative ion mode given the large fraction of acidic/anionic metabolite sin urine.
Also, thereisinsufficient detail regar ding methods used for peak picking, isotope/in-source
fragment filtering and blank correction dueto the large fraction of artifact or spurious signals
generated with DI-ESI-M S[Jankevics et al. M etabolomics 2012, 8: 29-36]. Also, what criteriawere
used to designate a molecular features of significance (precision, signal theresold (S/N), blank
corrected etc.).

Analyses were also performed in negative mode, but due to the lower sensitivity (and consequently less
number of metabolic features), discussion was only focused on data from positive ionization.



Parameters used for data pre-processing in the Markerview software have been included in the Materials
and methods section.

5. Methodology/Results: It isnot clear why the authors did not include a comparison of " creatinine-
normalization" toion signals (and PLS-DA) asthisisthe most common approach used for
comparing single-spot urine samples used in literature and clinical practice. Without thisgold-
standard comparison, it isdifficult to assessthe value of other methods (conductivity etc.) used in
this manuscript. Also, it would have been best to also include 24 h urine specimens from same
subjects as standard refer ence from the two single-spot urine samples.

Creatinine normalization was discarded due to the growing evidence that creatinine excretion is not really
constant, but depends on age, sex, diet, physical exercise, mental state or kidney impairment among other
factors, as stated in the Introduction.

On the other hand, 24-h samples from subjects enrolled in the study were not considered given that
metabolomic studies are usually performed on random collected samples, due to the easier sampling.
Nevertheless, a comment about the limitation of do not use 24-h samplesisincluded in the conclusions.

6. M ethodol ogy/Results: Can the authorsnormalize for ionic strength of urine matrix based on
total ion current asan alternative to conductivity?
Normalization based on TI1C was performed, and provided similar results to conductivity normalization.

7. Figures1, 2: Thesefiguresdo not provide much valuein the manuscript and one could be
retained (Fig. 3) asa comparison. However, the authorsrequire additional supporting information
in the form of atable that summarized all major peaks detected for transparency and data sharing
while highlighting methods used for data processing of full-scan mass spectra.

Figures 1, 2 and 3 have been condensed into a single figure, and a new Table has been created containing
major peaks detected in urine samples. More information is provided about data processing in
Markerview software.

8. Figures4 and 5: PL S-DA scores plots only provide evaluation of between-group discrimination.
It isrecommended that the authorsdiscussthe variables (VIP ranking or loading plots) responsible
for theincreased discrimination with scaling or conductivity normalization. Although the emphasis
of the manuscript ison metabolite finger printing, it would be insightful to identify key features.

A new figure has been added comparing VIP ranking plots form non-normalized data and statistically
normalized data, which shows that the number of discriminant metabolites increases when datais
normalized and demonstrates the potential of normalization to enhance group discrimination and
subsequent identification of markers.

9. Figur e 6/Discussion on transgenic mice: Since mor e rigorous examination of human urine
samples are strongly recommended, the manuscript isnot well served by including preliminary
data on thetransgenic mice.

Discussion on transgenic mice was provided in order to provide a more complete evaluation about the
applicability of the normalization methods. However, we are open to modify it if necessary.
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Abstract

The analysis of urine by direct infusion mass spectrometry suffers from ion suppression due to its high salt
content and inter-sample variability caused by the differences in urine volume between persons. Thus, urine
metabolomics requires a careful selection of the sample preparation procedure and a normalization strategy to
deal with these problems. Severa approaches were tested for metabolomic analysis of urine samples by direct
infusion electrospray mass spectrometry, including solid phase extraction, liquid-liquid extraction and sample
dilution. In addition, normalization of results based on conductivity values and statistical treatment was
performed to minimize sample variability. Both urine dilution and solid phase extraction with mixed mode
sorbent reduced considerably the salt content in urine providing comprehensive metabolomic fingerprints.
Moreover, statistical data normalization enabled the correction of inter-samples physiological variability,
improving the quality of results obtained. Therefore, high-throughput DI-ESI-MS fingerprinting of urine
samples can be achieved with simple pretreatment procedures allowing the use of this non-invasive sampling in
metabolomics. Finally, the optimized approach was tested in a pilot metabolomic investigation of urine samples
from transgenic mice models of Alzheimer’s disease (APP/PS1) in order to illustrate the potential of the

methodology.

Keywords: metabolomics, urine, direct infusion mass spectrometry, ion-suppression, normalization, APP/PS1
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Introduction

Metabolomics, defined as the comprehensive measurement of all metabolites in a sample, is a powerful tool in
systems hiology research, connecting the genome with the final phenotype via physiological development and
through interactions with the environment [1]. The potential of this approach has been demonstrated in
numerous fields including nutritional studies, disease biomarkers discovery and drug development [2,3].
Methodologically, the conventiona use of nuclear magnetic resonance is being progressively replaced by mass
spectrometry, since this technique offers severa advantages such as higher sensitivity, capability for
identification and quantification of metabolites, and suitability for application to complex samples [4]. The
coupling of mass spectrometry with separation techniques is frequently reported in order to obtain simpler
spectra and facilitate the interpretation of metabolic fingerprints [5], but these hyphenated approaches also

present several drawbacks such as large time of analysis and analytical bias depending on the selected



metabolomic platform [6]. Alternatively, sample introduction by direct infusion into the mass spectrometry
system (DIMS) has been recently proposed in disease studies with serum and plasma samples [7-11]. Although
this approach presents several drawbacks related to the lack of resolution for isobars differentiation and
difficulty of quantification without stable-isotope internal standards, the usefulness of this screening tool has
been demonstrated in terms of wide metabolome coverage and fast analysis. For these reasons, the application
of this high-throughput methodology to urine samples may be of great interest in disease diagnosis due to the
easy availability and non-invasive sampling of this biological fluid, which reflects well the health state of
organisms [12]. Urine samples are normally collected as 24-h samples in order to provide a complete picture of
excretion, but random single-spot urine collection is more convenient in the clinical practice, despite the higher
biological variance [13]. The analysis of urine samples by mass spectrometry presents two important problems
related to ion suppression caused by this salty matrix [14] and inter-sample variability due to the differencesin
the volume of urine excreted between different individuals [15]. Therefore, sample preparation is critical in
order to minimize ion suppression [16], removing salts from urine samples and minimizing possible
perturbations of metabolites to obtain comprehensive fingerprints. Solid phase extraction (SPE) has become one
of the most important techniques for the treatment of biological fluids in metabolomics [17], using both reverse
and normal phases, and ion exchange matrixes [18,19]. However, the development of mixed mode sorbents,
which involve multiple retention mechanisms by the incorporation of different ligands into the same sorbent,
allows the extraction of a wider fraction of metabolites [20], and represents a promising alternative in sample
treatment for metabolomic fingerprinting. In addition, liquid-liquid extraction (LLE) has also been considered
for the treatment of this complex matrix for the separation of non-polar or low polar analytes, despite being a
rare extraction technique in metabolomics [13]. On the other hand, normalization of results allows the reduction
of biological variability caused by physiological factors such as hydration status, diet, microflora or diurnal
cycle, for which is necessary the use of a correction parameter that does not systematically vary along the
demographic groups of interest [21]. In this sense, measurements of ionic conductivity and osmolality have been
proposed as indicators of total endogenous metabolic output, reflecting the dilution rate of urine samples [22].
Other conventional normalization parameter for urine is creatinine concentration since, under normal conditions,
urinary creatinine excretion is relatively constant and measurable [23], although it varies depending on the age,
sex, diet, physical exercise, mental state or kidney impairment among other factors [24]. In addition, different
dtatistical methods for data preprocessing can also be performed to normalize results by scaling the spectra to

the same virtua overall concentration [25,26].



There is few metabolomic studies related to the use of direct infusion mass spectrometry in urine samples,
mainly in nutritional [27-29] and toxicological [30] areas, but there is till a need to delve into possible

approaches that overcome the critical issues previously mentioned.

For this purpose in this work were evaluated severa tools for sample treatment and data normalization in
metabolomic analysis of urine samples using direct infusion electrospray mass spectrometry (DI-ESI-MS). It
was studied several methods for urine treatment in order to reduce ion suppression, using solid phase extraction
(SPE) with different sorbents, liquid-liquid extraction (LLE) and sample dilution. Moreover, ionic conductivity
measurements and statistical preprocessing were compared for data normalization. In order to compare the
effectiveness of these approaches for groups classification based on DIMS fingerprinting results, urine samples
were studied from volunteers both men and women collected at different times of the day (fasting morning and
after lunch). Finally, the most suitable approach was tested in a pilot study with urine samples from transgenic

mice models of Alzheimer’s disease (APP/PS1) in order to illustrate the potential of the methodology.

Materials and methods
Reagents and materials

All solvents used were HPLC-grade. Methanol and chloroform were purchased from Aldrich (Steinheim,
Germany); acetic acid, ammonium acetate and dichloromethane were supplied by Merck (Darmstadt, Germany);
and ammonia solution (32%) from VWR (Leuven, Belgium). Water was purified with a Milli-Q Gradient
system (Millipore, Watford, UK). The SPE cartridges used were 3 ml columns, filled with 500 mg of DSC-18
(Supelco) for reverse phase extraction (C18), Bond Elut Sl (Varian) for normal phase extraction (silica), and
Isolute Multimode (IST) combining either non-polar (C18), strong cation exchange (SO5) and strong anion

exchange (NR;3") solid phases.

Sample collection
Two different sets of samples were used in this study. Human urine samples, collected from 11 volunteers (5
male and 6 female) fasting and after lunch, were used for evaluating the suitability of the different treatment and
normalization procedures tested in this study. The second set was urine samples from transgenic mice models of
Alzheimer’s disease (APP/PS1) and wild-type controls, employed to validate the optimized methodology in a

pilot study for the search of potential biomarkers of this disorder. APP/PS1 double transgenic mice (C57BL/6



background) were generated by crossing homozygotic PSIM 146L transgenic mice with heterozygotic Thyl-
APP751SL mice (Swedish: K670N, M671L and London: V7171 FAD mutations) (Charles River, France), as
previously reported [31]. On the other hand, age-matched wild-type mice of the same genetic background
(C57BL/6) were purchased from Charles River Laboratory for their use as controls (WT). Male animals at 6
months of age were used for experiments (10 specimens per group). All samples were frozen immediately to -
80°C and stored until analysis.
Sample treatment

Three different strategies were tested for simultaneous desalting and extraction of metabolites from urine
samples. In all cases, urine was thawed at room temperature and immediately centrifuged to remove particulate
matter (6000 rpm, 10 minutes, 4 °C). Before extraction, pH of these samples was adjusted to 7.

Sample dilution (SD). Urine was tenfold diluted with a 50 % (v/v) methanol/water mixture.

Liquid-liquid extraction (LLE). 500 pL of urine were mixed with the same volume of organic solvent
(chloroform or dichloromethane), followed by vigorous vortexing for 5 min and centrifugation at 6000 rpm for 3
min at room temperature in order to collect the clean organic phase for analysis. Alternatively, 750 pL of a
mixture of urine, methanol and organic solvent (1:1:1 v/v/v) was vigorously shaken by vortexing for 5 min and

centrifuged at 6000 rpm for 3 min at room temperature.

Solid-phase extraction (SPE). Three SPE procedures were compared: reverse phase extraction (RP-SPE),
normal phase extraction (NP-SPE) and mixed mode extraction (MM-SPE), this latter combining reverse phase
sorbent with cationic and anionic exchangers. This extraction method requires sorbent wetting and equilibration
before sample loading, followed by a washing step before the final elution of analytes. For this purpose, eluents
were pumped through the column with a vacuum manifold (Visiprep™, Supelco). The solvents used for each
SPE procedure are shown in Table 1.
I nstrumentation

MS analyses were performed in a QSTAR XL Hybrid system (Applied Biosystems, Foster City, CA, USA)
using an electrospray (ESI) source. The extracts were introduced into the mass spectrometer at 5 uL min™ flow
rates using an integrated apparatus pump and a 1000 pL volume Hamilton syringe. Data were obtained in
positive ion mode, acquiring full scan spectra for 0.2 minutes in the m/z range 50-500 with 1.005 seconds of
scan time. The ion spray voltage (IS) was set at 3300 V and nitrogen was used as curtain gas and nebulizer gas
at flow rates about 1.13 L min™ and 1.56 L min™, respectively. The source temperature was fixed at 60 °C, with

a declustering potential (DP) of 60 V and a focusing potential (FP) of 250 V. An AKTA-Prime system



(Amersham), integrated by a pump and conductivity detector, was used in flow injection mode for
measurements of electrical conductivity. Extracts were injected in a 100 ul sample loop and were delivered to
the detector by a carrier flow of water.
Data analysis

Markerview™ software (Applied Biosystems) was employed for peak picking and matching peaks across
samples, in order to carry out the reduction of spectral data into a two-dimensional matrix of spectral peaks and
peak intensities. For this, the peak search was done with a mass tolerance of 0.1 Da, and a minimum response of
10 counts was considered for filtering. In addition, missing values were substituted with the mean of the non-
missing values across all samples for that peak. Then, data was processed in SIMCA-P™ software (version
11.5, published by UMetrics AB, Umea, Sweden). Partial least squares discriminant analysis (PLS-DA) was
performed to check the potential of the metabolomic approaches applied to urine samples for classification of
samples in the groups of study. In addition, quality of the models was assessed by the R? and Q? values, supplied
by the software, which provide information about the class separation and predictive power of the model,
respectively. These parameters are ranged between 0 and 1, and they indicate the variance explained by the
model for al the data analyzed (R? and this variance in a test set by cross-validation (Q?). Statistical data
normalization was carried out in the R software (freeware, http://www.r-project.org), using the locally weighted
scatter plot smoothing (LOESS) normalization method, which adjusts the local median of log fold changes of
peak intensities between samples in a data set to be approximately zero across the whole peak intensity range
[32]. In addition, the heteroscedasticity of noise in peak intensities, characterized by increasing technical
variance as a function of increased signal intensity, was corrected by means of a logarithmic-based variance-

stabilization transformation, to make peak intensity consistent across the whole intensity range [32,33].

Resultsand discussion

The comparison of metabolomic profiles obtained with the different tested procedures demonstrated the
importance of a suitable choice of the extraction protocol for obtaining comprehensive results when DIMS is
used as metabolomic approach. In addition, a considerable inter-sample variability was observed, showing the
need of using normalization strategies. In order to determine the most suitable approach for urine metabolomics,
statistical analysis (PLS-DA) of data from the first sasmple set (men and women, and different times of

collection - morning and midday) was performed for sample classification according to the groups of study.
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Then, the applicability of the optimized methodology was checked in a pilot study with APP/PS1 transgenic
mice and wild-type controls.
Classification of human urine samples using non-normalized results

Application of treatment procedures previously described to urine samples provided different DIMS
metabolomic profiles, showing that extraction of metabolites is strongly dependent on the selectivity of
technique, which may result in biased fingerprinting. Thus, data obtained by simple dilution of urine samples
with 50% water/methanol mixture could be considered as reference fingerprint of this type of sample, since no
losses of metabolites occurs with this treatment, which allows obtaining comprehensive spectral profiles (Fig.
1a). The optimal dilution factor was estimated considering the number of peaks and total intensity of signal in
overall mass spectrum resulting after successive dilutions. In this way, only a dilution higher than tenfold
provoked a significant decrease in sensitivity of metabolomic profiles, so this value was selected for further
experiences. When urine was liquid-liquid extracted with chloroform or dichloromethane very similar metabolic
profiles were obtained, but the number and intensities of signals increase when the extraction was performed
adding methanol (Fig. 1b, for chloroform-methanol), since methanol acts as “phase transfer agent” promoting
the extraction of more polar anaytes from aqueous to organic phase. However, comparing these results with
those from urine dilution (Fig. 1a), the number of extracted metabolites considerably decreased due to the loss
of polar compounds in these non-aqueous solvents, such as chloroform or dichloromethane. Finally, when urine
is solid-phase extracted, different profiles are obtained depending on the use of norma or reverse extraction
phases, since the extraction is somewhat selective towards polar or lipophilic metabolites respectively, as is
shown in Fig. 1c and 1d. On the other hand, when the mixed mode sorbent is used, the mass spectra of the
extract exhibits a higher number of signals (Fig. 1le), similarly to that obtained from diluted samples,
demonstrating the capability of the mixed mode sorbent for the global recovery of urinary metabolites.

In addition to the visua inspection of metabolomic profiles obtained for each pretreatment procedure,
multivariate statistics allowed evaluating the suitability of the different urine extraction protocols for
metabolomic fingerprinting. In this way, MS profiles were submitted to partial least squares discriminant
analysis, and 3D scores plots of the three first components (in five components models) were represented in
order to visualize trending and grouping of samples (Fig. 2, for the best procedures in terms of metabolite
coverage observed in MS profiles). In this way, the best discrimination between the four groups was obtained
with sample dilution and mixed mode SPE extraction (Fig. 2a and 2¢). Moreover, the higher statistical quality of

these models can be corroborated by the parameters of separation and predictive power (shown in Figure 4,



under the respective scores plots), which also support the advantage of SD and MM-SPE over other procedures.
Furthermore, in order to evaluate the chemical coverage of the metabolome obtained with these procedures
compared by multivariate statistics (SD, LLE, MM-SPE), a number of representative metabolites from
metabolomic fingerprints were identified (Table 2). As can be observed, all these metabolites were detected
using the three extraction procedures, but higher sensitivity was obtained with diluted samples and, to a lesser
extent, solid phase extraction (in terms of peak intensity), corroborating the higher potential of these methods
for high-throughput metabolomic analysis.
Classification of human urine samples after ionic conductivity normalization

The ionic conductivity of urine extracts is a parameter of great interest, since provides information about
effectiveness of salts removing from the sample after treatment, and allows data normalization in relation to
physiologica dilution rate of urine. Thus, conductivity was measured in diluted samples and extracts from SPE,
resulting in high dispersion of values for urine dilution samples (SD), that range from 0.08 to 0.56 mS cm™ with
RSD of 39 %, which denotes a great physiological variability between samples, and low conductivity in reverse
and normal phase extracts (RP-SPE and NP-SPE), in which the mean values of conductivity are 0.20 and 0.08
mS cm™, although in this case the conductivity is difficult to normalize due to the wide variability of results
(RSD of 48 and 63% for RP-SPE and NP-SPE, respectively). In mixed mode extraction (MM-SPE), the
conductivity, with mean values of 0.49 mS cm™, is difficult to reduce probably due to the use of buffer solutions

in the elution step, however, the reproducibility is better (RSD=18%).

Therefore, it can be concluded that urine desalting is more effective by using reverse and normal phase
extraction, but the reproducibility is considerably higher with mixed mode sorbents. Then, these values of ionic
conductivity were employed for the normalization of signal intensities in mass spectra to improve the
discrimination between the groups of study. However, for diluted samples and the extracts from RP-SPE and
NP-SPE treatments, the separation between groups was reduced comparing with non-normalized data, while for
MM-SPE the dtatistical model obtained after normalization was analogous to that non-normalized, with
R?=0.979 and Q°=0.455 (Fig. 3a.and 3b).
Classification of human urine samples after statistical normalization

Finally, statisticad normalization of data by LOESS method was used in order to obtain optimal scaling factors
for each sample based on the complete dataset, assuming that metabolomic profiles should be similar between

different samples in absence of differences in the excreted volume of urine. This approach provided dlightly



better discrimination models compared to non-normalized ones, with higher R? and Q? values and scores plots
with better separation between groups (Fig. 3¢, 3d and 3e). Furthermore, discrimination was clearer in models
built with data from MM-SPE (R*=0.988, Q*=0.517) and diluted samples (SD) (R*=0.983, Q*=0.559), similarly
to that found with non-standardized data.

In summary, it could be concluded that sample dilution is the most suitable procedure for urine treatment before
analysis by direct infusion mass spectrometry, in terms of simplicity, sensitivity and metabolomic coverage
(Table 2). Furthermore, statistical normalization by LOESS showed the higher potential for correcting inter-
sample variability, facilitating group discrimination in PLS-DA models. Thereby, it can be observed that the
number of discriminant metabolites (VIP>2.0) increases from 18 to 25 when VIP ranking plots from non-
normalized data and results statistically normalized are compared (Fig. 4), demonstrating the usefulness of
L OESS normalization to extract the relevant biological information from this data set.

Application of DIMS metabolomics to a pilot study with Alzheimer’s disease transgenic mice

Direct analysis of diluted samples followed by statistical normalization of data (LOESS) has been demonstrated
to be the most reliable and simple approach for high throughput fingerprinting of urine by direct infusion
electrospray mass spectrometry, considering results shown in previous sections. In order to evauate the
potential of this methodology in a real metabolomic investigation, urine samples from transgenic mice of
Alzheimer’s disease (APP/PS1) and wild-type controls were analyzed in the same way. Alzheimer’s disease
(AD) is the most common neurodegenerative disorder worldwide, whose exact etiology and pathogenesis are
not clear. For a better understanding of pathogenic mechanisms occurring, transgenic mouse models have been
developed, among which the double mutant transgenic line APP/PSL has gained great importance [34]. The
potential of metabolomics for the discovery of biomarkersin AD has been previously reported [35], but the use
of urine has been only scarcely considered [36]. Thus, the application of the methodology optimized in the
present work could represent a new tool in the search of potential biomarkers using a very simple and easily
available sample in clinical laboratory as is urine. In this pilot study, ten specimens were included per group
(transgenic mice - TG; and wild-type controls - WT). Partial least squares discriminant analysis provided a good
classification of samples in the two expected groups (Fig. 5a), with very high statistic parameters of class
separation and predictive power (R?=0.999 and Q%=0.99). In addition, numerous signals varied significantly
between groups, as shown in the Variable Importance plot (Fig. 5b). Therefore, these preliminary results
demonstrate the potential of high throughput direct infusion metabolomics in urine samples for the study of

complex diseases such as AD, and open the door to future studies for biomarkers discovery based in this fluid.



Conclusions

The importance of sample treatment and data normalization in the analysis of urine by direct infusion mass
spectrometry for metabolomic studies has been evaluated. lon suppression must be reduced in order to obtain
valuable results, for which different protocols of sample preparation were studied. Simple tenfold dilution of
samples and solid phase extraction in a mixed-mode sorbent (MM-SPE) provided the best results for
comprehensive metabolomic fingerprinting and grouping of samples in the subsequent statistical analysis. On
the other hand, liquid-liquid extraction with organic solvents and solid phase extraction with reverse and normal
phases, which involves a more selective recovery of metabolites, provided more biased metabolomic profiles.
Moreover, the suitability of a normalization step was evaluated in order to correct the physiologica variability
of urine samples. Statistical processing of non-normalized data allowed discrimination between groups in
diluted urine and MM-SPE extracts. Normalization based on conductivity provided good statistical models only
for MM-SPE extracts, in which conductivity measures showed that this is the only procedure with reproducible
desalting power. On the other hand, statistical normalization by LOESS showed the higher potential for these
purposes, improving significantly the quality of the metabolomic data. However, a limitation of this study is the
absence of a protocol for diet standardization prior to sample collection, as proposed by Favé et al. in order to
reduce inter-subject variability [37]. Furthermore, 24-h urine samples from the same subjects were not available
in our study design in order to compare with samples randomly collected, although these latter are usually more
employed in metabolomic studies due to easier sampling. Finally, the optimized approach based on direct
analysis of diluted samples followed by statistical normalization of data was applied to a pilot study with
samples from APP/PS1 transgenic mice, demonstrating the potentia of this methodology for high throughput

metabolomics of urine samples.
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Figurelegends

Fig. 1 Metabolomic fingerprints from diluted urine (@), LLE extract using chloroform/methanol (b) and SPE
extracts using NP-SPE (c), RP-SPE (d) and MM-SPE (e)

Fig. 2 3D scores plots and statistical parameters of non-normalized data for: diluted samples (@), LLE using
chloroform/methanol (b), and MM-SPE (c)

Fig. 3 3D scores plots of normalized data based on ionic conductivity for: diluted samples (a), and MM-SPE (b);
and statistically normalized for: diluted samples (c), LLE using chloroform/methanol (d), and MM-SPE (€)

Fig. 4 Variable Importance plots for non-normalized data (a) and data normalized with LOESS (b)

Fig. 5 Partial least squares discriminant analysis of data from the pilot study with Alzheimer’s disease

transgenic mice: scores plot (a), and Variable Importance plot (b)
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Table 1.- Experimental condition for SPE procedures

RP-SPE NP-SPE MM -SPE
Conditioning | 2ml methanol 2ml methanol 2ml methanol
Equilibration 2ml water 2ml methanol 5% -
Sample
Iml urine Iml urine 1.5ml urine
loading
Washing 2ml water | 2ml methanol 95% 2ml water
1. 0.5ml methanol
Elution Iml methanol | 1ml methanol 5% | 2. 0.5ml ammonium acetate 10 mM (pH 3)

3. 0.5ml ammonia 5% (in methanol)
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Table 2 Peak intensities of representative metabolites identified in urine samples detected by sample dilution

(SD), liquid-liquid extraction (LLE) and mixed mode solid-phase extraction (MM -SPE)

peak intensity
metabolite m/z (Da)
SD LLE | MM-SPE

trimethylamine 60.079 278.7 15 54.4
urea 61.037 | 13361.6 | 60.8 380.4
trimethylamine N-oxide | 76.074 | 58139 | 92.8 686.1

alanine 90.055 121.6 0.3 7.0
glycerol 93.051 26.0 0.6 11.6
choline 104.105 187.7 33 53.9
serine 106.054 39.6 118 49.0

creatinine 114.064 | 18741.6 | 2137.2 | 15650.5

proline 116.075 1335 145 775
valine 118.082 224.7 5.8 65.5
threonine 120.069 299 4.2 36.4
cysteine 122.031 55.9 5.3 309
taurine 126.025 | 1285 16.0 55.7
pipecolic acid 130.098 | 229.9 8.7 71.1
cregtine 132.074 | 440.0 7.2 724
aspartic acid 134.051 | 170.3 25 24.9
trigonelline 138.052 | 1804.4 8.9 233.6
histidine 156.074 | 1262.1 6.0 87.8
carnitine 162.108 | 1458.9 29 152.4
phenylalanine 166.082 | 5391.8 20.4 472.2
methylhistidine 170.086 | 1840.4 8.1 1139
arginine 175.116 426.8 2.7 424
N-acetyl-aspartic acid 176.055 272.1 4.3 20.2
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glucose 181.079 | 527.4 38.0 811.2
tyrosine 182.076 | 1985.7 | 114 330.8
phosphocholine 184.081 | 378.2 43.6 133.9
acetylcarnitine 204.118 | 532.1 4.2 99.7
carnosine 227.122 | 11833 86.5 459.1
uridine 245.081 316.3 4.1 441

uridine monophosphate | 325.049 | 4924 0.5 196.2
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Abstract

The analysis of urine by direct infusion mass spectrometry suffers from ion suppression due to its high salt
content and inter-sample variability caused by the differences in urine volume between persons. Thus, urine
metabolomics requires a careful selection of the sample preparation procedure and a normalization strategy to
deal with these problems. Severa approaches were tested for metabolomic analysis of urine samples by direct
infusion electrospray mass spectrometry, including solid phase extraction, liquid-liquid extraction and sample
dilution. In addition, normalization of results based on conductivity values and statistical treatment was
performed to minimize sample variability. Both urine dilution and solid phase extraction with mixed mode
sorbent reduced considerably the salt content in urine providing comprehensive metabolomic fingerprints.
Moreover, statistical data normalization enabled the correction of inter-samples physiological variability,
improving the quality of results obtained. Therefore, high-throughput DI-ESI-MS fingerprinting of urine
samples can be achieved with simple pretreatment procedures allowing the use of this non-invasive sampling in
metabolomics. Finally, the optimized approach was tested in a pilot metabolomic investigation of urine samples
from transgenic mice models of Alzheimer’s disease (APP/PS1) in order to illustrate the potential of the

methodology.

Keywords: metabolomics, urine, direct infusion mass spectrometry, ion-suppression, normalization, APP/PS1

mice

Introduction

Metabolomics, defined as the comprehensive measurement of all metabolites in a sample, is a powerful tool in
systems hiology research, connecting the genome with the final phenotype via physiological development and
through interactions with the environment [1]. The potential of this approach has been demonstrated in
numerous fields including nutritional studies, disease biomarkers discovery and drug development [2,3].
Methodologically, the conventiona use of nuclear magnetic resonance is being progressively replaced by mass
spectrometry, since this technique offers severa advantages such as higher sensitivity, capability for
identification and quantification of metabolites, and suitability for application to complex samples [4]. The
coupling of mass spectrometry with separation techniques is frequently reported in order to obtain simpler
spectra and facilitate the interpretation of metabolic fingerprints [5], but these hyphenated approaches also

present several drawbacks such as large time of analysis and analytical bias depending on the selected



metabolomic platform [6]. Alternatively, sample introduction by direct infusion into the mass spectrometry
system (DIMS) has been recently proposed in disease studies with serum and plasma samples [7-11]. Although
this approach presents several drawbacks related to the lack of resolution for isobars differentiation and
difficulty of quantification without stable-isotope internal standards, the usefulness of this screening tool has
been demonstrated in terms of wide metabolome coverage and fast analysis. For these reasons, the application
of this high-throughput methodology to urine samples may be of great interest in disease diagnosis due to the
easy availability and non-invasive sampling of this biological fluid, which reflects well the health state of
organisms [12]. Urine samples are normally collected as 24-h samples in order to provide a complete picture of
excretion, but random single-spot urine collection is more convenient in the clinical practice, despite the higher
biological variance [13]. The analysis of urine samples by mass spectrometry presents two important problems
related to ion suppression caused by this salty matrix [14] and inter-sample variability due to the differencesin
the volume of urine excreted between different individuals [15]. Therefore, sample preparation is critical in
order to minimize ion suppression [16], removing salts from urine samples and minimizing possible
perturbations of metabolites to obtain comprehensive fingerprints. Solid phase extraction (SPE) has become one
of the most important techniques for the treatment of biological fluids in metabolomics [17], using both reverse
and normal phases, and ion exchange matrixes [18,19]. However, the development of mixed mode sorbents,
which involve multiple retention mechanisms by the incorporation of different ligands into the same sorbent,
allows the extraction of a wider fraction of metabolites [20], and represents a promising alternative in sample
treatment for metabolomic fingerprinting. In addition, liquid-liquid extraction (LLE) has also been considered
for the treatment of this complex matrix for the separation of non-polar or low polar analytes, despite being a
rare extraction technique in metabolomics [13]. On the other hand, normalization of results allows the reduction
of biological variability caused by physiological factors such as hydration status, diet, microflora or diurnal
cycle, for which is necessary the use of a correction parameter that does not systematically vary along the
demographic groups of interest [21]. In this sense, measurements of ionic conductivity and osmolality have been
proposed as indicators of total endogenous metabolic output, reflecting the dilution rate of urine samples [22].
Other conventional normalization parameter for urine is creatinine concentration since, under normal conditions,
urinary creatinine excretion is relatively constant and measurable [23], although it varies depending on the age,
sex, diet, physical exercise, mental state or kidney impairment among other factors [24]. In addition, different
dtatistical methods for data preprocessing can also be performed to normalize results by scaling the spectra to

the same virtua overall concentration [25,26].



There is few metabolomic studies related to the use of direct infusion mass spectrometry in urine samples,
mainly in nutritional [27-29] and toxicological [30] areas, but there is till a need to delve into possible

approaches that overcome the critical issues previously mentioned.

For this purpose in this work were evaluated several tools for sample treatment and data normalization in
metabolomic analysis of urine samples using direct infusion electrospray mass spectrometry (DI-ESI-MS). It
was studied several methods for urine treatment in order to reduce ion suppression, using solid phase extraction
(SPE) with different sorbents, liquid-liquid extraction (LLE) and sample dilution. Moreover, ionic conductivity
measurements and statistical preprocessing were compared for data normalization. In order to compare the
effectiveness of these approaches for groups classification based on DIMS fingerprinting results, urine samples
were studied from volunteers both men and women collected at different times of the day (fasting morning and
after lunch). Finally, the most suitable approach was tested in a pilot study with urine samples from transgenic

mice models of Alzheimer’s disease (APP/PS1) in order to illustrate the potential of the methodology.

Materials and methods
Reagents and materials

All solvents used were HPLC-grade. Methanol and chloroform were purchased from Aldrich (Steinheim,
Germany); acetic acid, ammonium acetate and dichloromethane were supplied by Merck (Darmstadt, Germany);
and ammonia solution (32%) from VWR (Leuven, Belgium). Water was purified with a Milli-Q Gradient
system (Millipore, Watford, UK). The SPE cartridges used were 3 ml columns, filled with 500 mg of DSC-18
(Supelco) for reverse phase extraction (C18), Bond Elut Sl (Varian) for normal phase extraction (silica), and
Isolute Multimode (IST) combining either non-polar (C18), strong cation exchange (SO5) and strong anion

exchange (NR;3") solid phases.

Sample collection
Two different sets of samples were used in this study. Human urine samples, collected from 11 volunteers (5
male and 6 female) fasting and after lunch, were used for evaluating the suitability of the different treatment and
normalization procedures tested in this study. The second set was urine samples from transgenic mice models of
Alzheimer’s disease (APP/PS1) and wild-type controls, employed to validate the optimized methodology in a

pilot study for the search of potential biomarkers of this disorder. APP/PS1 double transgenic mice (C57BL/6



background) were generated by crossing homozygotic PSIM 146L transgenic mice with heterozygotic Thyl-
APP751SL mice (Swedish: K670N, M671L and London: V7171 FAD mutations) (Charles River, France), as
previously reported [31]. On the other hand, age-matched wild-type mice of the same genetic background
(C57BL/6) were purchased from Charles River Laboratory for their use as controls (WT). Male animals at 6
months of age were used for experiments (10 specimens per group). All samples were frozen immediately to -
80°C and stored until analysis.
Sample treatment

Three different strategies were tested for simultaneous desalting and extraction of metabolites from urine
samples. In all cases, urine was thawed at room temperature and immediately centrifuged to remove particulate
matter (6000 rpm, 10 minutes, 4 °C). Before extraction, pH of these samples was adjusted to 7.

Sample dilution (SD). Urine was tenfold diluted with a 50 % (v/v) methanol/water mixture.

Liquid-liquid extraction (LLE). 500 pL of urine were mixed with the same volume of organic solvent
(chloroform or dichloromethane), followed by vigorous vortexing for 5 min and centrifugation at 6000 rpm for 3
min at room temperature in order to collect the clean organic phase for analysis. Alternatively, 750 pL of a
mixture of urine, methanol and organic solvent (1:1:1 v/v/v) was vigorously shaken by vortexing for 5 min and

centrifuged at 6000 rpm for 3 min at room temperature.

Solid-phase extraction (SPE). Three SPE procedures were compared: reverse phase extraction (RP-SPE),
normal phase extraction (NP-SPE) and mixed mode extraction (MM-SPE), this latter combining reverse phase
sorbent with cationic and anionic exchangers. This extraction method requires sorbent wetting and equilibration
before sample loading, followed by a washing step before the final elution of analytes. For this purpose, eluents
were pumped through the column with a vacuum manifold (Visiprep™, Supelco). The solvents used for each
SPE procedure are shown in Table 1.
I nstrumentation

MS analyses were performed in a QSTAR XL Hybrid system (Applied Biosystems, Foster City, CA, USA)
using an electrospray (ESI) source. The extracts were introduced into the mass spectrometer at 5 uL min™ flow
rates using an integrated apparatus pump and a 1000 pL volume Hamilton syringe. Data were obtained in
positive ion mode, acquiring full scan spectra for 0.2 minutes in the m/z range 50-500 with 1.005 seconds of
scan time. The ion spray voltage (IS) was set at 3300 V and nitrogen was used as curtain gas and nebulizer gas
at flow rates about 1.13 L min™ and 1.56 L min™, respectively. The source temperature was fixed at 60 °C, with

a declustering potential (DP) of 60 V and a focusing potential (FP) of 250 V. An AKTA-Prime system



(Amersham), integrated by a pump and conductivity detector, was used in flow injection mode for
measurements of electrical conductivity. Extracts were injected in a 100 ul sample loop and were delivered to
the detector by a carrier flow of water.
Data analysis

Markerview™ software (Applied Biosystems) was employed for peak picking and matching peaks across
samples, in order to carry out the reduction of spectral data into a two-dimensional matrix of spectral peaks and
peak intensities. For this, the peak search was done with a mass tolerance of 0.1 Da, and a minimum response of
10 counts was considered for filtering. In addition, missing values were substituted with the mean of the non-
missing values across all samples for that peak. Then, data was processed in SIMCA-P™ software (version
11.5, published by UMetrics AB, Umea, Sweden). Partial least squares discriminant analysis (PLS-DA) was
performed to check the potential of the metabolomic approaches applied to urine samples for classification of
samples in the groups of study. In addition, quality of the models was assessed by the R? and Q? values, supplied
by the software, which provide information about the class separation and predictive power of the model,
respectively. These parameters are ranged between 0 and 1, and they indicate the variance explained by the
model for al the data analyzed (R? and this variance in a test set by cross-validation (Q?). Statistical data
normalization was carried out in the R software (freeware, http://www.r-project.org), using the locally weighted
scatter plot smoothing (LOESS) normalization method, which adjusts the local median of log fold changes of
peak intensities between samples in a data set to be approximately zero across the whole peak intensity range
[32]. In addition, the heteroscedasticity of noise in peak intensities, characterized by increasing technical
variance as a function of increased signal intensity, was corrected by means of a logarithmic-based variance-

stabilization transformation, to make peak intensity consistent across the whole intensity range [32,33].

Resultsand discussion

The comparison of metabolomic profiles obtained with the different tested procedures demonstrated the
importance of a suitable choice of the extraction protocol for obtaining comprehensive results when DIMS is
used as metabolomic approach. In addition, a considerable inter-sample variability was observed, showing the
need of using normalization strategies. In order to determine the most suitable approach for urine metabolomics,
statistical analysis (PLS-DA) of data from the first sample set (men and women, and different times of

collection - morning and midday) was performed for sample classification according to the groups of study.
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Then, the applicability of the optimized methodology was checked in a pilot study with APP/PSL transgenic
mice and wild-type controls.
Classification of human urine samples using non-normalized results

Application of treatment procedures previously described to urine samples provided different DIMS
metabolomic profiles, showing that extraction of metabolites is strongly dependent on the selectivity of
technique, which may result in biased fingerprinting. Thus, data obtained by simple dilution of urine samples
with 50% water/methanol mixture could be considered as reference fingerprint of this type of sample, since no
losses of metabolites occurs with this treatment, which allows obtaining comprehensive spectral profiles (Fig.
1a). The optimal dilution factor was estimated considering the number of peaks and total intensity of signal in
overall mass spectrum resulting after successive dilutions. In this way, only a dilution higher than tenfold
provoked a significant decrease in sensitivity of metabolomic profiles, so this value was selected for further
experiences. When urine was liquid-liquid extracted with chloroform or dichloromethane very similar metabolic
profiles were obtained, but the number and intensities of signals increase when the extraction was performed
adding methanol (Fig. 1b, for chloroform-methanol), since methanol acts as “phase transfer agent” promoting
the extraction of more polar anaytes from aqueous to organic phase. However, comparing these results with
those from urine dilution (Fig. 1a), the number of extracted metabolites considerably decreased due to the loss
of polar compounds in these non-aqueous solvents, such as chloroform or dichloromethane. Finally, when urine
is solid-phase extracted, different profiles are obtained depending on the use of norma or reverse extraction
phases, since the extraction is somewhat selective towards polar or lipophilic metabolites respectively, as is
shown in Fig. 1c and 1d. On the other hand, when the mixed mode sorbent is used, the mass spectra of the
extract exhibits a higher number of signals (Fig. 1le), similarly to that obtained from diluted samples,
demonstrating the capability of the mixed mode sorbent for the global recovery of urinary metabolites.

In addition to the visua inspection of metabolomic profiles obtained for each pretreatment procedure,
multivariate statistics allowed evaluating the suitability of the different urine extraction protocols for
metabolomic fingerprinting. In this way, MS profiles were submitted to partial least squares discriminant
analysis, and 3D scores plots of the three first components (in five components models) were represented in
order to visualize trending and grouping of samples (Fig. 2, for the best procedures in terms of metabolite
coverage observed in MS profiles). In this way, the best discrimination between the four groups was obtained
with sample dilution and mixed mode SPE extraction (Fig. 2a and 2c). Moreover, the higher statistical quality of

these models can be corroborated by the parameters of separation and predictive power (shown in Figure 4,



under the respective scores plots), which also support the advantage of SD and MM-SPE over other procedures.
Furthermore, in order to evaluate the chemical coverage of the metabolome obtained with these procedures
compared by multivariate statistics (SD, LLE, MM-SPE), a number of representative metabolites from
metabolomic fingerprints were identified (Table 2). As can be observed, all these metabolites were detected
using the three extraction procedures, but higher sensitivity was obtained with diluted samples and, to a lesser
extent, solid phase extraction (in terms of peak intensity), corroborating the higher potential of these methods
for high-throughput metabolomic analysis.
Classification of human urine samples after ionic conductivity normalization

The ionic conductivity of urine extracts is a parameter of great interest, since provides information about
effectiveness of salts removing from the sample after treatment, and allows data normalization in relation to
physiologica dilution rate of urine. Thus, conductivity was measured in diluted samples and extracts from SPE,
resulting in high dispersion of values for urine dilution samples (SD), that range from 0.08 to 0.56 mS cm™ with
RSD of 39 %, which denotes a great physiological variability between samples, and low conductivity in reverse
and normal phase extracts (RP-SPE and NP-SPE), in which the mean values of conductivity are 0.20 and 0.08
mS cm™, although in this case the conductivity is difficult to normalize due to the wide variability of results
(RSD of 48 and 63% for RP-SPE and NP-SPE, respectively). In mixed mode extraction (MM-SPE), the
conductivity, with mean values of 0.49 mS cm™, is difficult to reduce probably due to the use of buffer solutions

in the elution step, however, the reproducibility is better (RSD=18%).

Therefore, it can be concluded that urine desalting is more effective by using reverse and normal phase
extraction, but the reproducibility is considerably higher with mixed mode sorbents. Then, these values of ionic
conductivity were employed for the normalization of signal intensities in mass spectra to improve the
discrimination between the groups of study. However, for diluted samples and the extracts from RP-SPE and
NP-SPE treatments, the separation between groups was reduced comparing with non-normalized data, while for
MM-SPE the dtatistical model obtained after normalization was analogous to that non-normalized, with
R?=0.979 and Q°=0.455 (Fig. 3a.and 3b).
Classification of human urine samples after statistical normalization

Finally, statisticad normalization of data by LOESS method was used in order to obtain optimal scaling factors
for each sample based on the complete dataset, assuming that metabolomic profiles should be similar between

different samples in absence of differences in the excreted volume of urine. This approach provided dlightly



better discrimination models compared to non-normalized ones, with higher R? and Q? values and scores plots
with better separation between groups (Fig. 3c, 3d and 3e). Furthermore, discrimination was clearer in models
built with data from MM-SPE (R*=0.988, Q*=0.517) and diluted samples (SD) (R*=0.983, Q*=0.559), similarly
to that found with non-standardized data.

In summary, it could be concluded that sample dilution is the most suitable procedure for urine treatment before
analysis by direct infusion mass spectrometry, in terms of simplicity, sensitivity and metabolomic coverage
(Table 2). Furthermore, statistical normalization by LOESS showed the higher potential for correcting inter-
sample variability, facilitating group discrimination in PLS-DA models. Thereby, it can be observed that the
number of discriminant metabolites (VIP>2.0) increases from 18 to 25 when VIP ranking plots from non-
normalized data and results statistically normalized are compared (Fig. 4), demonstrating the usefulness of
L OESS normalization to extract the relevant biological information from this data set.

Application of DIMS metabolomics to a pilot study with Alzheimer’s disease transgenic mice

Direct analysis of diluted samples followed by statistical normalization of data (LOESS) has been demonstrated
to be the most reliable and simple approach for high throughput fingerprinting of urine by direct infusion
electrospray mass spectrometry, considering results shown in previous sections. In order to evauate the
potential of this methodology in a real metabolomic investigation, urine samples from transgenic mice of
Alzheimer’s disease (APP/PS1) and wild-type controls were analyzed in the same way. Alzheimer’s disease
(AD) is the most common neurodegenerative disorder worldwide, whose exact etiology and pathogenesis are
not clear. For a better understanding of pathogenic mechanisms occurring, transgenic mouse models have been
developed, among which the double mutant transgenic line APP/PS1 has gained great importance [34]. The
potential of metabolomics for the discovery of biomarkersin AD has been previously reported [35], but the use
of urine has been only scarcely considered [36]. Thus, the application of the methodology optimized in the
present work could represent a new tool in the search of potential biomarkers using a very simple and easily
available sample in clinical laboratory as is urine. In this pilot study, ten specimens were included per group
(transgenic mice - TG; and wild-type controls - WT). Partial least squares discriminant analysis provided a good
classification of samples in the two expected groups (Fig. 5a), with very high statistic parameters of class
separation and predictive power (R?=0.999 and Q%=0.99). In addition, numerous signals varied significantly
between groups, as shown in the Variable Importance plot (Fig. 5b). Therefore, these preliminary results
demonstrate the potential of high throughput direct infusion metabolomics in urine samples for the study of

complex diseases such as AD, and open the door to future studies for biomarkers discovery based in this fluid.



Conclusions

The importance of sample treatment and data normalization in the analysis of urine by direct infusion mass
spectrometry for metabolomic studies has been evaluated. lon suppression must be reduced in order to obtain
valuable results, for which different protocols of sample preparation were studied. Simple tenfold dilution of
samples and solid phase extraction in a mixed-mode sorbent (MM-SPE) provided the best results for
comprehensive metabolomic fingerprinting and grouping of samples in the subsequent statistical analysis. On
the other hand, liquid-liquid extraction with organic solvents and solid phase extraction with reverse and normal
phases, which involves a more selective recovery of metabolites, provided more biased metabolomic profiles.
Moreover, the suitability of a normalization step was evaluated in order to correct the physiologica variability
of urine samples. Statistical processing of non-normalized data allowed discrimination between groups in
diluted urine and MM-SPE extracts. Normalization based on conductivity provided good statistical models only
for MM-SPE extracts, in which conductivity measures showed that this is the only procedure with reproducible
desalting power. On the other hand, statistical normalization by LOESS showed the higher potential for these
purposes, improving significantly the quality of the metabolomic data. However, a limitation of this study is the
absence of a protocol for diet standardization prior to sample collection, as proposed by Favé et a. in order to
reduce inter-subject variability [37]. Furthermore, 24-h urine samples from the same subjects were not available
in our study design in order to compare with samples randomly collected, although these latter are usually more
employed in metabolomic studies due to easier sampling. Finally, the optimized approach based on direct
analysis of diluted samples followed by statistical normalization of data was applied to a pilot study with
samples from APP/PS1 transgenic mice, demonstrating the potentia of this methodology for high throughput

metabolomics of urine samples.
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Figurelegends

Fig. 1 Metabolomic fingerprints from diluted urine (@), LLE extract using chloroform/methanol (b) and SPE
extracts using NP-SPE (c), RP-SPE (d) and MM-SPE (e)

Fig. 2 3D scores plots and statistical parameters of non-normalized data for: diluted samples (@), LLE using
chloroform/methanol (b), and MM-SPE (c)

Fig. 3 3D scores plots of normalized data based on ionic conductivity for: diluted samples (a), and MM-SPE (b);
and statistically normalized for: diluted samples (c), LLE using chloroform/methanol (d), and MM-SPE (€)

Fig. 4 Variable Importance plots for non-normalized data (a) and data normalized with LOESS (b)

Fig. 5 Partial least squares discriminant analysis of data from the pilot study with Alzheimer’s disease

transgenic mice: scores plot (a), and Variable Importance plot (b)
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Table 1.- Experimental condition for SPE procedures

RP-SPE NP-SPE MM -SPE
Conditioning | 2ml methanol 2ml methanol 2ml methanol
Equilibration 2ml water 2ml methanol 5% -
Sample
Iml urine Iml urine 1.5ml urine
loading
Washing 2ml water | 2ml methanol 95% 2ml water
1. 0.5ml methanol
Elution Iml methanol | 1ml methanol 5% | 2. 0.5ml ammonium acetate 10 mM (pH 3)

3. 0.5ml ammonia 5% (in methanol)
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Table 2 Peak intensities of representative metabolites identified in urine samples detected by sample dilution

(SD), liquid-liquid extraction (LLE) and mixed mode solid-phase extraction (MM -SPE)

peak intensity
metabolite m/z (Da)
SD LLE | MM-SPE

trimethylamine 60.079 278.7 15 54.4
urea 61.037 | 13361.6 | 60.8 380.4
trimethylamine N-oxide | 76.074 | 58139 | 92.8 686.1

alanine 90.055 121.6 0.3 7.0
glycerol 93.051 26.0 0.6 11.6
choline 104.105 187.7 33 53.9
serine 106.054 39.6 118 49.0

creatinine 114.064 | 18741.6 | 2137.2 | 15650.5

proline 116.075 1335 145 775
valine 118.082 224.7 5.8 65.5
threonine 120.069 299 4.2 36.4
cysteine 122.031 55.9 5.3 309
taurine 126.025 | 1285 16.0 55.7
pipecolic acid 130.098 | 229.9 8.7 71.1
cregtine 132.074 | 440.0 7.2 724
aspartic acid 134.051 | 170.3 25 24.9
trigonelline 138.052 | 1804.4 8.9 233.6
histidine 156.074 | 1262.1 6.0 87.8
carnitine 162.108 | 1458.9 29 152.4
phenylalanine 166.082 | 5391.8 20.4 472.2
methylhistidine 170.086 | 1840.4 8.1 1139
arginine 175.116 426.8 2.7 424
N-acetyl-aspartic acid 176.055 272.1 4.3 20.2
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glucose 181.079 | 527.4 38.0 811.2
tyrosine 182.076 | 1985.7 | 114 330.8
phosphocholine 184.081 | 378.2 43.6 133.9
acetylcarnitine 204.118 | 532.1 4.2 99.7
carnosine 227.122 | 11833 86.5 459.1
uridine 245.081 316.3 4.1 441

uridine monophosphate | 325.049 | 4924 0.5 196.2
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Figure 1
Click here to download high resolution image
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Figure 5
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